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Abstract 
Epoch-Era Analysis (EEA) is a framework that supports narrative and computational scenario planning and analysis for both short 
run and long run futures.  Currently EEA is being applied to frame problems faced by the DoD’s Engineered Resilient Systems 
(ERS) efforts.  Because of the large amount of data that must be analyzed when extending EEA to large-scale problems, such as 
those posed by DoD, a “big data” problem is introduced.  This motivates the need for extensions to EEA methods that overcome 
the computational and human cognition issues that arise as a result.  The research presented here describes exploratory development 
of Interactive Epoch-Era Analysis (IEEA) methods, including human interface and reasoning considerations for epoch and era 
characterizations, as well as single and multi- epoch and era analyses.  Visualization techniques and methods for mitigating 
computational resource restrictions that facilitate improved decision-making are also presented.  
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1. Background 
Epoch-Era Analysis (EEA) is an framework designed to clarify the effects of changing contexts over time on the 
perceived value of a system in a structured way1,2.  The base unit of time in EEA is the epoch, which is defined as a 
time period of fixed needs and context in which the system exists.  Epochs are represented using a set of epoch 
variables, which can be continuous or discrete values.  These variables can be used to represent any exogenous 
uncertainty that might have an effect on the usage and perceived value of the system; weather conditions, political 
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scenarios, financial situations, operational plans, and the availability of other technologies are all potential epoch 
variables.  Appropriate epoch variables for an analysis include key (i.e., impactful) exogenous uncertainty factors that 
will affect the perceived success of the system.  A large set of epochs, differentiated using different enumerated levels 
of these variables, can then be assembled into eras, ordered sequences of epochs creating a description of a potential 
progression of contexts and needs over time.  This approach provides an intuitive basis upon which to perform analysis 
of value delivery over time for systems under the effects of changing circumstances and operating conditions, an 
important step to take when evaluating large-scale engineering systems with long lifecycles.   
Encapsulating potential short run uncertainty (i.e., what epoch will my system experience next?) and long run 
uncertainty (i.e. what potential sequences of epochs will my system experience in the future?) allows analysts and 
decision makers to develop dynamic strategies that can enable resilient systems.  Key challenges in application of 
EEA up to this point involve eliciting a potentially large number of relevant epochs and eras, conducting analysis 
across these epochs and eras, and extracting useful and actionable information from the analyses.  Schaffner showed 
that the number of potential eras to consider grows very quickly, becoming computationally infeasible3.  As an 
example, a system model represented by 5 epoch variables, each with 3 levels, would result in 35 = 243 possible 
epochs.  If the length of our eras is 10 epochs and each epoch can transition between any other epoch then the size of 
the potential era space would be 24310 ~ 1024.  This means that for many problem formulations it is not feasible to 
evaluate systems across all or even a large fraction of potential eras.  Research in the areas of big data analysis and 
visual analytics both have led to techniques that could be leveraged to mitigate these challenges.  It is hypothesized in 
this research that augmenting the traditional EEA approach with new analytic and interactive techniques will 
fundamentally enable new capabilities and insights to be derived from EEA, resulting in superior dynamic strategies 
for resilient systems. In particular, we have three informal hypotheses regarding IEEA: 
 
1. IEEA will enable the elicitation of more broad/complete set of possible epochs. 
a. Infrastructure that enables IEEA could include databases of epoch variables, which could be leveraged 
in future IEEA studies. 
b. Explicit implementations in an interface will provide repeatable and more understandable elicitation 
experiences, resulting in more epoch variables. 
2. IEEA, through a human-in-the-loop implementation, will help to intelligently limit the potentially unbounded 
growth in the epoch/era space. 
a. Using visual analytic techniques such as filtering, binning, pattern matching, search algorithms and 
human-in-the-loop interaction, IEEA can be used to effectively manage multi-epoch and multi-era 
analysis scale growth. 
3. IEEA will enable the development of superior intuition, buy-in, and insight generation for decision-making. 
a. By allowing decision makers to “experience” (i.e. “see” and “interact with”) epochs and eras, they will 
better understand and accept the impact of context and needs changes on systems and therefore how 
resilience can be better achieved. 
 
Earlier work demonstrated promise for such capability and insight improvement when interactivity is added to 
tradespace exploration. Ross et al.4 introduces a method, applied to two aerospace cases in order to explore the 
potential for interactive tradespace exploration to support stakeholder negotiations. Preliminary results indicate the 
method to be a rapid and beneficial technique, which generated compromise alternatives, guided the elicitation of 
previously unarticulated information, and resulted in increased confidence and solution buy-in of participating 
stakeholders.  Interactive tradespace exploration analyses allowed negotiation processes to proceed quickly.  Proposed 
compromises can be assessed by each stakeholder in real time, and what the stakeholder is gaining or losing in the 
compromise is immediately visible.  An open area of research is to incorporate Epoch-Era Analysis into the interactive 
tradespace exploration. 
2. Introduction 
The development of Engineered Resilient Systems (ERS) was identified as a science and technology (S&T) priority 
for the DoD by the Secretary of Defense in April 2011.  Since that time several researchers and practitioners have 
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begun to develop methods, techniques and tools to assist designers in the early system concept selection phase.  Many 
of the techniques in development require analysis of large amounts of data to quantify the effectiveness of large 
numbers of actionable alternatives across large numbers of possible futures in order to support the best possible 
decision.  To assist in solving the stated problem, this research will leverage and expand upon some human-in the-
loop techniques that are emerging in studies of visual analytics and big data analysis.  The challenge this research 
seeks to address can be described as: “how can one balance System, Context, and Expectations over time, during 
engineering design, evaluation and selection, given human cognitive and perceptual limitations?”5 
The development of complex engineering systems using traditional engineering design techniques can lead to point 
designs optimized for a fixed operating context or set of stakeholder needs.  This can reduce system performance if 
future uncertainty resolves in a way other than predicted.  This is especially true if the system is not resilient or robust 
to change.  As an example, consider modern spacecraft, which have long development timelines of 5 to 10 years or 
more that makes them susceptible to changes in mission and technology before they even reach orbit.  They must also 
have a significant amount of redundancy built in because a replacement system could take years to develop and launch 
if they fail.  Reducing such susceptibilities to changes in context was a key goal of DARPA’s System F6 program.  A 
shift in stakeholder needs for which the system is not resilient can also limit its value delivery.  A noteworthy example 
is the Iridium satellite constellation that suffered from a shift in the consumer market to land-based cellular towers 
before it reached initial operating capability (IOC)6. 
The definition of what is or is not a resilient system is not universally agreed upon and how it has been defined and 
measured in past studies has varied across problem domains7.  One definition is that a resilient system has “the ability 
to circumvent, survive, and recover from failures to ultimately achieve mission priorities even in the presence of 
environmental uncertainty”8.  Yet another definition of resilience (called system “survivability” elsewhere, adding to 
semantic confusion) is “the ability of a system to minimize the impact of a finite duration disturbance on value 
delivery, achieved through either (1) the reduction of the likelihood or magnitude of a disturbance; (2) the satisfaction 
of a minimally acceptable level of value delivery during and after a finite disturbance or; (3) timely recovery from a 
disturbance event”9.   
What is common to most of the definitions suggested for resilient systems is an acknowledgement that complex 
systems must be designed to continue to deliver sustained value to their stakeholders even if uncertainty exists about 
the way a system will be required to operate in the future.  More recent work has generalized this concept into 
something called value sustainment11. Value sustainment is defined as “the ability to maintain value delivery in spite 
of epoch shifts or disturbances.” Fig. 1 below summarizes this concept and reflects how we will consider notions of 
resilience in this research effort.  In this figure, the nominal value delivered by a system is (potentially) impacted by 
a perturbation (characterized as either a disturbance or a shift).  A disturbance is a short duration, likely to revert 
imposed change on the design, context, or needs for a system, while a shift is a long duration, unlikely to revert 
imposed change on the design, context, or needs for a system.  A “resilient” system is one that either is not impacted, 
or maintains value above the indicated threshold, and restores that value delivery to a higher acceptable level after a 
threshold period of time.  
 
Fig. 1.  Long (a) and short (b) run impacts of perturbations on value delivery. 
a)  “Long” duration perturbation 
(unlikely to revert) 
b)  “Short” duration perturbation 
(likely to revert) 
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3. Traditional EEA and Data Challenges 
Traditional tradespace exploration and multidisciplinary design optimization techniques typically assume as fixed 
the needs of the stakeholders, the context in which a system will be operated and the future state of the system itself.  
To design resilient systems we must consider situations in which these can all vary with time.  One framework for 
evaluating such possibilities is Epoch Era Analysis1.  EEA conceptualizes the effects of time and changing context on 
a system by modeling combinations of future context and stakeholder needs on perceived system value2,12,13.  A time 
period over which the stakeholder needs and the context in which the system must operate are fixed is referred to as 
an epoch.  A series of epochs can be strung together to form eras that can be used to model the long-run value delivery 
of a system and take into account temporal path dependencies between epochs.  Such eras can be generated through 
narrative (i.e. story-driven) or computational means (i.e. algorithm-generated) enabling consideration of a broader set 
of possible short and long run scenarios than commonly considered using traditional scenario planning techniques14.  
Broadly speaking, EEA can be described as the following activities (roughly sequential and depicted in Fig. 2): 
 
0. Problem Definition:  identify decision to be made, relevant constraints, stakeholders, and potential contexts. 
1. Design Formulation:  generate potential design alternatives to be evaluated in the analysis; can be generated via 
inheritance, creative brainstorming, value-driven methods, or other means; identify preliminary criteria for their 
evaluation. 
2. Epoch/Era Generation: 
a. Epoch Characterization:  identify key exogenous uncertainties and parameterize via epoch variables; 
can be accomplished via era deconstruction or proposing possible short run scenarios. 
b. Era Construction:  generate various long term descriptions of possible futures via epoch sequencing, 
or proposing long run scenarios (e.g. via narrative or computational means). 
3. Design-Epoch-Era Evaluations: develop and execute appropriate models that can evaluate designs in epochs 
and eras. 
4. Single Epoch/Era Analyses: 
a. Single Epoch Analyses:  conduct analyses of the designs within particular epochs, determining 
performance and cost of alternatives and difficulty of achieving success within particular periods of fixed 
context and needs. 
b. Single Era Analyses:  conduct analyses within particular eras to determine the impact of time-dependent 
effects on system success, along with cumulative path-dependence on the system over time. 
5. Multi Epoch/Era Analysis: 
a. Multi-Epoch Analysis:  conduct analysis across multiple (or all) epochs to determine sensitivities of 
designs to epochs; gives insight into short run value of active and passive strategies for system resilience. 
b. Multi-Era Analysis:  conduct analysis across multiple (or all) eras to determine sensitivities of designs 
to eras and patterns of path dependence; gives insights into long run value of active and passive strategies 
for system resilience. 
 
 
Fig. 2.  Activities in Epoch-Era Analysis 
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Fig. 3.  Era-tree showing potential temporal paths through the epoch space. 
Fig. 3 illustrates the era-tree approach to era construction via paths through the epoch space.  Schaffner introduces 
useful terms when constructing eras: a frame is a particular slot within an era that consists of an epoch and a duration3.  
This allows an EEA user to specify eras of varying number of slots in a less ambiguous manner.  For example, a 5 
frame era consists of 5 slots, each with a particular epoch and duration.  The same epoch could appear in more than 
one frame.  A second useful concept is that of a clip, which is a subset of a full era, comprised of an arbitrarily small 
number of frames.  Using this nomenclature, one can speak of 3-frame clips, for example, which might appear in 
multiple different eras.  When looking for patterns, such a unit of analysis may be useful.  Fig. 4 illustrates epochs as 
alternative (point) futures, and multi-epoch analysis as a cross-epoch activity looking for designs that perform well 
across the alternative future space.   
 
a)   b)  
Fig. 4.  Epochs as Alternative "Point" Futures (a); Multi-Epoch Analysis (b). 
As previously noted, a practical challenge in implementations of EEA is the large amount of data that may need to 
be evaluated in order to thoroughly characterize possible system alternatives and their potential for value sustainment 
across a wide variety of futures.  Notably, trends in the area of ERS-related research are moving towards analysis of 
tradespaces on the order of multiple terabytes of data.  Drawing on recent research in the areas of big data and visual 
analytics, EEA methods can be augmented to allow a decision maker to interactively filter, sort, aggregate and identify 
patterns in data more efficiently than predetermined or automated algorithms, enabling a more effective tradeoff of 
evaluation “completeness” versus insights gained.  Liu et al.15 and Heer and Shneiderman16 point out that “interaction 
is essential to exploratory visual analysis”, but their work primarily focuses on visualization.  Note that interaction, as 
used here, is not intended to be strictly limited to the data visualization component, but also the interfaces, processes, 
and methods that allow a user to gain insights from their data.  Interfaces may require use of sensory stimuli other 
than visual-only, including touch and/or sound.  Processes could also include custom workflows such as those 
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described in Sitterle et al.17.  Methods for sorting and filtering data may include, but are not limited to, interactive 
brushing and linking of multiple coordinated visual displays. 
The problems that may arise when scaling up to larger decision problems with traditional EEA can be placed into 
four categories: 
 
1. Data size increases which creates a storage and data transmission problem. 
2. Data size increase also creates a separate problem related to cross-filtering across large numbers of data 
dimensions.  Human cognitive limitations make comprehension of high-dimensional data difficult so datasets 
must be “sliced” or cross-tabulated across dimensions before rendering them as 1D, 2D or 3D visualizations. 
3. Larger data sets require increased amounts of processing time to manipulate. 
4. Rendering problems arise when large amounts of data must be visualized simultaneously. 
 
Solutions to these and other issues relevant to IEEA will be discussed in the following sections.  Demonstration 
cases that test applicability of various research methods will also be discussed. 
4. Enabling Areas of Research 
Several areas of research that will enable IEEA and address or mitigate the issues previously discussed have been 
identified.  The sections below describe background research on various techniques and ongoing efforts to extend 
them for IEEA applications. 
4.1. Data Reduction Methods 
Problems with rendering and the scalability of visualizations and other encoded visual information can be improved 
upon using techniques that do not require every single data point to be drawn.  Liu points out that, “Perceptual and 
interactive scalability should be limited by the chosen resolution of the visualized data, not the number of records,” 
and summarizes several techniques past researchers have applied to reduce the pixel density of visualizations including 
(1) filtering; (2) sampling; (3) binned aggregation; and (4) model-fitting15. 
Filtering is a commonly applied technique to reduce the problem to a subset of the original data.  This is 
accomplished by placing bounds on the data such that not all of it is displayed at once which could be overwhelming 
to a decision maker.  Likewise, sampling is a technique for reducing the amount of data displayed to the user by 
randomly drawing a subset of the points to create a reduced set for display.  Sampling has the potential downside of 
unintentionally concealing features of the dataset that may correspond to rare events.  These are oftentimes the very 
data points in which a decision maker is most interested. 
Filtering and sampling are often used in practice because they are relatively easy to implement and do not require 
any changes in the standard visualizations types that would be used for a larger dataset.  Both techniques are useful, 
but we would also like to consider techniques that allow all the data to be visualized.  Binned aggregation is powerful 
in that it allows a decision maker to observe global patterns in the data as well as local features that may be hidden by 
filtering or sampling15.  In TSE and EEA, which often use 2-D scatter plots to display data, one example of binned 
aggregation is to project the data into a 1-D histogram.  Alternatively, the data could also be aggregated into smaller 
2-D bins with the density of points encoded by color.  Examples of these techniques are demonstrated in prototype 
visualization tools described in Section 6. 
Model-fitting is another approach that can be applied to reduce the resources required to visualize a large dataset.  
Examples of model-fitting include simple regression models or complex surrogate models that reduce the dataset to 
representative equations.  Model-fitting can be a powerful technique, but computing an appropriate model can 
sometimes be computationally expensive.  Models also typically have some amount of error in how well they represent 
the underlying data and this must be carefully considered when using their outputs for the purpose of decision-making. 
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4.2. Online Analytical Processing 
Online Analytical Processing (OLAP) is an approach for creating abstract representations of high-dimensional 
datasets.  OLAP is frequently applied in data mining and other exploratory analysis applications with large amounts 
of data.  These datasets are often stored in relational databases with multiple tables connected by keys, but can also 
be as simple as a spreadsheet with records stored in each row and with columns representing different attributes or 
properties of the data.  In fact, pivot tables generated in MS Excel are one example of a common application of OLAP 
for summarizing data.  A notable application of OLAP is its successful use in business intelligence applications to 
parse large amounts of sales, cost and other data to evaluate trends and inform business decisions. 
For IEEA, the benefit of OLAP is that it enables a user to view data from multiple points of view and quickly 
uncover previously undiscovered relationships and patterns within the dataset.  A decision-maker looking at a large 
number of candidate designs across a large possible epoch space can apply OLAP techniques to slice, dice, drill down, 
roll up or compute pivots of the hyper-dimensional data cube representing design alternatives over epochs and eras.  
This allows them to easily extract data that is of interest to them which, in turn, enables better intuition on which to 
base decisions. 
4.3. Human Interaction Methods 
As a component of the IEEA research, several concepts related to how humans interact with their data are being 
examined.  Interaction methods may extend beyond visualization approaches to include touch and auditory interaction 
as well.  For the effort presented here, however, we will primarily focus on research related to visual techniques.  In 
this paper, we use multiple coordinated views and animated transitions as approaches for facilitating deeper 
understanding of the data.  Multiple coordinated views can be used in exploratory visualization to more effectively 
expose relationships in the underlying data.  Coordinated views are separate, independent views of a given set of data 
that serve as complementary representations, and may aid in identifying patterns as well as errors in the data.  The 
individual views of the data are not intended for use in isolation, but rather to be combined to generate insights.  The 
primary purpose of coordinated visualizations is to allow improved understanding through user interaction with 
different simultaneous representations of the data18.  While choosing which combinations of views to use in order to 
generate insights can be complicated, several guidelines, including compactness and diversity of the visualizations, 
have been discussed in prior literature19. 
4.4. Search Algorithms 
As the number of design and epoch variables increase, TSE and EEA techniques quickly become computationally 
expensive due to the non-linearity between number of variables and number of model evaluations required3.  This can 
be true even if model evaluations can be computed relatively quickly.  In his research, Schaffner explores application 
of both breadth-first and depth-first algorithms to improve the computational efficiency of multi-era analysis.  This 
area, however, remains an important area of further research to enable IEEA. 
5. A Framework for Interactive Epoch-Era Analysis 
The current vision of Interactive Epoch-Era Analysis (IEEA) leverages human-in-the-loop interaction, as well as 
supporting infrastructure, in order to manage challenges associated with the large amounts of data potentially 
generated in a study, as well as to improve sense-making of the results.  Fig. 5 below illustrates three insertion points 
for interactivity to directly address the three hypotheses outlined earlier (i.e., improved elicitation, improved analyses, 
and improved decision-making). 
As shown in Fig. 5, many of the techniques discussed in section 4 can be applied to augment the existing EEA 
workflow.  OLAP techniques may be applied to advance current data handling, and search algorithms may improve 
our ability to offer more informed recommendations to decision-makers during the epoch-era elicitation process.  
Similarly, enhanced human interaction techniques and visualizations may aid in the analyses of the vast amounts of 
information required to reach an informed decision. 
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Fig. 5.  Interactive Epoch-Era Analysis leverages human-in-the-loop analysis and supporting infrastructure. 
6. Prototype Method Demonstrations 
Preliminary work exploring techniques from visual and big data analytics with applicability to EEA has been 
investigated through application to a previously developed case study.  The case study implements parametric models 
of an Earth-imaging satellite constellation to analyze trades in performance and cost.  Design variables such as number 
of satellites per orbital plane, number of planes, optics size, and altitude are evaluated against measures of performance 
such as optical resolution, revisit time, percent global coverage, and lifecycle cost.  For brevity, details of the case 
study will not be repeated here, but interested readers are referred to the earlier paper for detailed descriptions of the 
case study implementation21.  The case study, originally analyzed using traditional tradespace exploration (TSE) and 
multidisciplinary optimization (MDO) techniques, was extended to demonstrate EEA.  To that end, 3 different system 
stakeholders, each with differing value functions, and 2 possible future contexts were considered.  This results in 6 
unique epochs.  The lone context variable evaluated was whether or not an electromagnetic disturbance occurs, 
resulting in diminished value delivery of the satellite constellation. 
6.1. Web browser-based tool Implementing Coordinated Visualizations 
Implementation of an IEEA demonstration needs to draw on a combination of the techniques described.  This 
means that IEEA needs to take into account the practicality of representing large amounts of data effectively given 
scarce communication resources (e.g., limited spatial or temporal resolutions due to hardware or software constraints) 
22.  Given the volume and complexity of the data that will need to be analyzed, IEEA methods and tools should be 
capable of providing data to the decision-maker in a way that enhances cognition.  A demonstration of the above 
discussed techniques for coordinated visualization, OLAP and data reduction methods was implemented in a prototype 
web browser-based tool similar to those described by Sitterle et al.17.  To improve information cognition by the user, 
guidelines for effective coordinated visualization19 and animated data transition23 were applied. 
Fig. 6 shows a screenshot of scatterplot representations of the available design alternatives.  The two scatter plots 
correspond to design values evaluated in epoch 1, the baseline case, and epoch 5 which represents a situation in which 
stakeholder preferences for individual performance attributes has changed.  The left-hand plot shows the utility versus 
cost of the alternatives evaluated in epoch 1.  The right-hand plot shows the same alternatives evaluated in epoch 5 
and it is clear that the resulting tradespace has been distorted, relative to epoch 1, due to a change in the stakeholder 
prefernces.  To further convey that information to the user, histograms of cost and utility are displayed with each plot. 
If a decision-maker believes that it is possible that the system will experience both epoch 1 and 5 over the course 
of its lifetime, then they might prefer a design to be Pareto efficient in both epochs.  However, since the shape of the 
tradespace has changed between epochs 1 and 5, a decision-maker should not necessarily expect designs that were 
previously on the Pareto front to remain there in the new epoch.  Applying the concepts of brushing and linking 
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between coordinated visualizations, the user can interactively draw a lasso around Pareto efficient designs of interest 
in epoch 5 and receive immediate feedback on where those same designs appear in epoch 1.   
 
 
Fig. 6.  Web-based tool showing coordinated scatter plots and histograms. 
 
Fig. 7.  Brushing to filter designs across coordinated views 
As shown in Fig. 7, all of the coordinated visualizations (e.g., epoch 1) are updated simultaneously to reflect only 
the designs selected through brushing (in epoch 5).  It is clear from the combined visualizations that while the selected 
points are Pareto efficient in epoch 5, some of them deviate from the Pareto front in epoch 1.  User cognition of this 
conclusion is reinforced by the utility histograms to the right of each scatter plot that show that the tight distribution 
of utilities in epoch 5 are now more spread out in epoch 1.  In addition to brushing, a user can also interactively filter 
data by clicking on the histogram bars to effectively filter out all but a selected slice of the data.  As shown in Fig. 8, 
by clicking on the y-axis histogram of the right hand figure, data not associated with those bars is grayed out in the 
coordinated views. 
Enhanced understanding of the impacts of a decision on multiple epochs can be very powerful as demonstrated in 
this example.  Much of that power is driven by the rapid response between visualizations provided to the user 
interacting with them.  As previously discussed, OLAP techniques can be applied to slice, dice, drill down, roll up or 
compute pivots of the hyper-dimensional data cube representing design alternatives over epochs and eras.  For the 
example presented here, Crossfilter, a JavaScript library which functions like a client-side OLAP server, has been 
used to allow rapid filtering between scatterplot views and to accelerate grouping of the thousands of data points into 
the aggregated histogram views.  Latency between user interactions with any visualization and the resulting updates 
in corresponding visualizations is on the order of milliseconds.  This provides a seamless interactive experience, which 
should facilitate improved user cognition of the data on which they will base their decisions. 
 
463 Michael D. Curry and Adam M. Ross /  Procedia Computer Science  44 ( 2015 )  454 – 465 
 
Fig. 8.  Coordinated views using histogram bin selection to slice data using OLAP 
As the number of design alternatives and epochs grow, interactive coordinated visualizations can slow, as 
processing and rendering of the data becomes the limiting factor.  Data reduction techniques can be applied in these 
situations to keep the large amounts of data from becoming unduly burdensome.  Some past examples of EEA case 
studies utilizing filtering or sampling approaches include applications in the transportation24 and space domains14.  
Since these approaches have the possible implication of concealing important information, we would prefer to use 
methods that allow us to represent all of the data.  Binned aggregation can allow us to accomplish this aim. 
 
 
Fig. 9.  Coordinated scatterplot views with 2-D binned aggregation 
In the prior examples, histograms were a type of binned aggregation, since they reduced the larger set of points to 
a smaller set of rectangular bars reflecting the amount of data in each bin.  This required projection of the 2-D data 
into a 1-D space.  To allow a decision-maker to more fully appreciate the underlying features of the tradespace, we 
would ideally like to represent the 2-D data with fewer polygons, while simultaneously not reducing the number of 
dimensions.  One technique for accomplishing this is to group data into rectangular bins and encode the density of 
points using color hue15,25.  Some researchers have argued that hexagonal bins can better represent data over 
rectangular bins, to aid a user’s interpretation26.  A key rationale is the fact that hexagons have more sides and thus 
look more like circles, while providing a regular tessellation of a 2-D surface.  Implementing the hexagonal binning 
approach on the running example significantly reduces the number of polygons required, and thus speeds up 
interactive rendering.  A screenshot of the example implemented with hexagonal binning is shown in Fig. 9.  
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7. Conclusions 
The research presented here describes exploratory development of a framework for Interactive Epoch-Era Analysis 
(IEEA).  It is hypothesized that augmenting the traditional EEA approach with new analytic and interactive techniques 
will fundamentally enable new capabilities and insights to be derived from EEA, resulting in superior dynamic 
strategies for resilient systems.  These extensions of the existing EEA framework enable the framing and analysis of 
large-scale problems, such as those posed by DoD’s Engineered Resilient Systems (ERS) efforts.  The enabling areas 
of research described here include data reduction methods, online analytical processing (OLAP), human interaction 
methods, and search algorithms.  Prototypes of these methods are demonstrated in an interactive web-based tool that 
allows the analysis of various system alternatives across alternate future contexts and needs.  Future work will further 
extend interactive techniques to allow for improved elicitation, analyses and decision-making for early phase 
conceptual design of complex systems. 
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